Ethnicity has become an increasingly important factor in neighborhood formation in many developed economies. We specify a gravity model for neighborhoods to assess the role of ethnicity in intra-urban residential relocations. Migration patterns of different ethnic groups are hypothesized to depend on bilateral socioeconomic, demographic and ethnic differences between origin and destination neighborhoods. We account for heterogeneous and interdependent location preferences of natives and several immigrant groups. In addition, we incorporate friction measures of ethnic population shares and a diversity indicator to allow for nonlinear and asymmetric effects of the population composition on ethnic sorting and spatial clustering. We utilize a unique micro data set of place-to-place migrants across neighborhoods in the urban agglomerations of Amsterdam and The Hague, in The Netherlands. Our results provide evidence of ethnic drift leading to clustering of ethnic minority groups and "white flight" of native Dutch residents. Taken together, our findings suggest a preference for living among people of one's own ethnic group, but in a sufficiently diverse neighborhood. We discuss ways to extend and apply our gravity approach to further analyze intra-urban residential relocation flows.
Introduction
Societies in most developed countries are becoming increasingly ethnically diverse. The spatial distribution of ethnic minority groups is, however, frequently all but random: the largest concentrations of ethnic groups are usually found in (large) cities, and within cities segregation by ethnicity often defines the invisible lines that create neighborhoods (Borjas, 1995) . These spatial patterns are the result of individual residential mobility choices made within the context of a pre-set spatial structure. This observation is a well known stylized fact in the literature on aggregate migration patterns at the regional level (Mueser, 1989; Rogers and Raymer, 1998; Peeters, 2012) . However, this is equally true at the city level. Within the spatial structure of a city, decisions with respect to neighborhood choice and housing are interrelated: the demand for housing materializes in the context of endogenous and contextual neighborhood effects (Waldorf, 1993; Brock and Durlauf, 2001; Ioannides and Zabel, 2008) . Typically, households make a nested choice of residential location by choosing an (urban) region first, and then a neighborhood based on a comparison of alternatives (McFadden, 1978) . As a matter of fact, most migrant flows actually occur at a disaggregated spatial scale; people choose a housing property within the same neighborhood or between different neighborhoods within the same urban area (Cadwallader, 1992) .
Research on (ethnic) relocation dynamics at the neighborhood level includes studies on ethnic sorting and tipping of neighborhoods through "white flight" (Schelling, 1971; Becker and Murphy, 2000; Card et al., 2008) , racial housing price differentials (Chambers, 1992; Kiel and Zabel, 1996; Myers, 2004) , behavioral models of household location under influence of race and social interaction (Gabriel and Rosenthal, 1989; Bayer et al., 2004; Ioannides and Zabel, 2008; Gabriel and Painter, 2012) , neighborhood gentrification processes (McKinnish et al., 2010; Ellen and O'Regan, 2011) , and the potential negative effects of segregation on economic outcomes for individuals (Cutler and Glaeser, 1997; Kling et al., 2007) . Most of these studies focus on either inmigration or outmigration of people, taking into account characteristics, such as ethnic population shares and housing prices, of either the origin or the destination neighborhood.
In contrast, this paper provides an empirical analysis of bilateral migration patterns of different ethnic groups at the neighborhood level as a function of bilateral socioeconomic, demographic and ethnic differences between origin and destination neighborhoods. More specifically, we aim to identify to which extent ethnic heterogeneity across space affects both the size and ethnic composition of place-to-place migration flows within cities, given the intra-urban spatial heterogeneity that originates from differences in price, quality and accessibility of housing and a range of other socioeconomic and demographic characteristics (Waldorf, 1993) . Arguably, given individual preferences for neighborhoods with relatively large populations of one's own ethnicity, socioeconomic neighborhood characteristics and the degree of neighborhood segregation impact location decisions of both the immigrant population as well as natives (Schelling, 1971; Becker and Murphy, 2000; Krysan and Farley, 2002; Vigdor, 2003; Bolt et al., 2008; Card et al., 2008; Saiz and Wachter, 2011; Bayer et al., 2014) . Therefore, in our analysis we explicitly take into account that preferences of natives and immigrants for the own ethnic group are heterogeneous but interdependent, and we explicitly incorporate the link between individual choices and associated changes at the neighborhood level in a suitably specified gravity equation.
Gravity models are the standard workhorse for explaining international or interregional migration flows, but they are seldom used to explain residential flows at lower spatial scales. 1 Similarly to Newtons original gravity equation in physics, we hypothesize that the magnitude of migration flows between two neighborhoods is positively related to their respective weights in terms of population and impeded negatively by their distance (Greenwood, 1975; Karemera et al., 2000; Lewer and Van den Berg, 2008; Mayda, 2010; Peeters, 2012; Falck et al., 2012; Ortega and Peri, 2013) . We extend the concept of distance to encompass not only physical distance but also ethnic differences between areas of origin and destination. The underlying idea is that ethnic differences may act as additional barriers to migration because they increase the cost of moving goods or people in addition to the costs of bridging physical distance (Karemera et al., 2000; Guiso et al., 2009; Grosjean, 2011; Caragliu et al., 2013) . Indeed, Falck et al. (2012) show that similarity in cultural identity between German regions affects the size of mover flows between these regions.
Likewise, in our gravity approach we assess the extent to which ethnic friction between neighborhoods in terms of an ethnic group's own population share, and diversity among other ethnic groups, impacts mover flows of this ethnic group between these neighborhoods. We allow for nonlinearity and asymmetry in the association between the ethnic friction measure and the size of the bilateral mover flows at the neighborhood level (Schelling, 1971) through the use of a higher-order polynomial of the ethnic friction measure for positive and negative differences between neighborhoods in terms of ethnic concentration. This way of measuring the role of ethnicity in neighborhood dynamics is rather unique. In addition to providing a simple way of incorporating the potential asymmetric effect of ethnic distance on the size of mover flows, this method uses the information available in the data on the ethnic connectedness between neighborhoods within cities. Larger mover flows between neighborhoods based on the ethnic friction measure indicate a higher ethnic connectedness (or lower ethnic barriers for mover flows) between those neighborhoods.
We estimate the gravity equation using a modified version of the Poisson maximum likelihood (PML) estimator rather than applying ordinary least squares (OLS) to a log-linearized version of the nonlinear relationship between distance and the size of the origin and destination populations. Santos Silva and Tenreyro (2006) have shown that log-linearized gravity models only comply with the homoskedasticity assumption under very specific conditions and that the OLS estimator is therefore in general inconsistent and inefficient. An additional advantage of the Poisson approach is that it offers a natural and consistent way of dealing with zero-counts of the dependent variable.
We apply our method to a unique micro data set that encompasses information of place-toplace migrants between neighborhoods in the larger agglomerations of the Dutch cities Amsterdam and The Hague, for the period [2004] [2005] [2006] [2007] [2008] . Amsterdam and The Hague are respectively the largest and third-largest city in The Netherlands, as well as the capital city and the seat of the national government. The population of both cities comprises almost 50 percent ethnic minorities, with The Hague being considerably more segregated than Amsterdam. The data include information on individual ethnic, socioeconomic and demographic characteristics of all residents, their location, individual housing prices, and a range of neighborhood characteristics. The urban agglomerations are defined in such a way that they largely encompass the labor market area in order to exclude people moving for job market reasons. The cities are analyzed separately as a system of neighborhoods, and the mover flows are aggregated to a cross-section over the period from 2004 to 2008.
Focusing on the mover flows of the four largest ethnic groups (Dutch, Turks, Moroccans, and Carribeans), our results clearly show that in both cities ethnic drift leads to clustering of ethnic immigrant location patterns. Waldorf (1993) develops a gravity model to measure segregation incorporating additional relocation barriers such as income differences. Bolt et al. (2008) and Schaake et al. (2014) study mover flows between neighborhoods, but they do not use a gravity model of neighborhoods. minorities as well as to a "white flight" of native Dutch residents, with the ethnic drift being relatively stronger than the white flight. Except for one minority group, we also find that mover flows of all ethnic groups are higher into more diverse neighborhoods. We find clear evidence that origin-destination differences in the concentration of the own minority group (i.e., ethnic distance) is asymmetric and nonlinearly related to the size of mover flows of that specific ethnic group. Taken together these findings suggest a preference for living with the own ethnic group in an otherwise diverse neighborhood. A generalization of our results would indicate that ethnic groups prefer some level of local dominance, although not all ethnic groups can enjoy numerical superiority (Schelling, 1971) .
The next section describes the specification of the gravity equation and the estimation procedure for count data models. In Section 3 we give a detailed description of the neighborhood and flow characteristics of Amsterdam and The Hague, and we describe the data used in our analysis. Section 4 gives the results of the estimation of different ethnic neighborhood mover flow models for Amsterdam and The Hague. Several robustness checks are presented as well. Section 5 concludes and provides ideas to further explore the use of a gravity approach to analyze intra-urban residential relocation flows.
Econometric Model
To identify the relevance of ethnic drift and white flight in relocation decisions across neighborhoods, we start from a traditional gravity model equation. In addition to the usual geographical distance measure, we include a measure pertaining to ethnic distance between neighborhoods. This friction measure is operationalized as the difference in population share of an ethnic group between the neighborhoods of origin and destination:
where s is the population share of an ethnic group, and i and j are the origin and destination neighborhoods belonging to a set of n disjoint neighborhoods of a metropolitan area. We use the ∆ operator to define the difference in attribute values between the origin and destination neighborhoods. For ease of interpretation, equation (1) is defined as the difference between the neighborhood of destination and the neighborhood of origin. A positive value, then, corresponds to a move to a neighborhood with a higher attribute value, i.e., a higher population share of an ethnic group. Obviously, the order of the terms does not materially affect the analysis. Nonlinearity in the association between the ethnic friction measure and the size of mover flows can be achieved by including a higher-order polynomial of the ethnic friction measure. Asymmetry can be incorporated by relaxing the assumption that the effect is symmetric for mover flows into neighborhoods with higher ethnic shares and neighborhoods with lower ethnic shares. This leads to a flexible functional form in which a linear and quadratic terms are split into ∆s ij+ and ∆s ij− , and ∆s 2 ij+ and ∆s 2 ij− , respectively, depending on whether ∆s ij ≥ 0 or ∆s ij < 0. We include a friction measure of neighborhood diversity, ∆H ij . This index is calculated for a specific ethnic group and constructed by including all ethnic groups in the neighborhood except for the specific ethnic group for which the index is calculated; for both the origin and the destination neighborhood. The index measures whether the composition of a neighborhood is diverse in terms of ethnic groups other than the ethnic group under consideration. The diversity index for neighborhood i is calculated as:
where s e i is the share of people from ethnic group e among the residents of neighborhood i, with m for the total number of ethnic groups. An index value of 0 indicates that all residents in the neighborhood are of the same ethnic group, whereas a value of 1 − 1/(m − 1) is the maximum value of the index, which indicates that all ethnic groups are equally large.
Inter-neighborhood flows for a specific ethnic group are subsequently modeled as:
where f ij is the size of the mover flow between neighborhoods i and j, ∆x ij is a set of control variables capturing socioeconomic and demographic differences between neighborhoods, d ij is the geographical distance between neighborhoods, δ i and δ j are unobserved origin and destination neighborhood effects, respectively, and F is an as of yet unspecified functional form. The control variables in the regression analysis include the distance between the origin and destination neighborhoods, the number of dwellings in the destination neighborhood, and the growth in housing stock in the destination neighborhood. These variables are the basic explanatory variables regarding size and distance in a gravity equation. The economic neighborhood characteristics included are the mean per capita neighborhood income and the share of social rent and owneroccupied housing in the total housing stock. To control for life-cycle-related residential relocations, the share of children in the total population of the neighborhood is included, which serves as a proxy for whether the neighborhood is family oriented and whether the houses in the neighborhood are suitable for families. We control for unobserved neighborhood characteristics of the origin and destination neighborhoods by including origin and destination fixed effects at the district level. The neighborhoods of Amsterdam and The Hague are aggregated into 15 district levels, and the neighborhoods outside of Amsterdam and The Hague that belong to the metropolitan area of the cities are aggregated into one district for each city.
Equation (3) is given for inter-neighborhood flows, which is the case where i = j. The case where i = j concerns intra-neighborhood mover flows. Following LeSage and Pace (2008) , intraneighborhood mover flows can be included in the model using a simple re-parameterization:
and creating a block-diagonal design matrix by defining ∆s ij− = ∆s ij+ = ∆s 2 ij+ = ∆s 2 ij− = ∆x ij = d ij ≡ 0 if i = j, and x i ≡ 0 for all i = j, where x i is a vector of neighborhood characteristics. The sub-model for intra-neighborhood flows depends only on the levels of the characteristics in each neighborhood, while the differences are by definition zero. For the sub-model for inter-neighborhood flows, only the differences between the characteristics of the neighborhoods, and hence not the level of the characteristics, determine the size of the flows.
The gravity model for origin-destination flows is originally a nonlinear relationship expressing the magnitude of mover flows as a multiplicative function of the origin and destination populations, taking into account the friction of geographical distance. A straightforward log-linearization makes it feasible to estimate the linearized version of the model with ordinary least squares (OLS). However, the validity of log-linearization and estimation with OLS crucially depends on the homoskedasticity of the error terms. Santos Silva and Tenreyro (2006) show that log-linearized gravity models only comply with the homoskedasticity assumption under very specific conditions and that the OLS estimator is therefore in general inconsistent and inefficient. They propose that the multiplicative form be estimated directly with a Poisson pseudo-maximum likelihood (PML) estimator used in count data models. Through simulations and an empirical example, they show that standard approaches lead to substantial bias in the estimated coefficients. An additional advantage of the Poisson PML approach is that it offers a natural and consistent way of dealing with zero-counts of the dependent variable. Although different ways of incorporating zero-flows in a log-linearized version of the gravity model have been suggested, these solutions remain unsatisfactory, especially in cases with many zero-flows (Linders and De Groot, 2006; Burger et al., 2009) . 2 We therefore estimate the gravity equation using the Poisson PML estimator rather than applying OLS to appropriately log-linearized versions of equations (3) and (4). In general terms, the structural equation of the regression model shows that the probability of observing a realization y i for a random (count) variable Y is given by the Poisson probability function (Long, 1997; Winkelmann, 2008) :
where λ i is the mean of the Poisson distributed variable for observation i. The expected value λ i is always positive and therefore often modeled as conditional on a set of explanatory variables using the logarithmic link function, log (E(y i )) = x i β, and therefore E(y i ) = λ i = exp (x i β).
The defining characteristic of the Poisson distribution is equidispersion, which implies that the conditional mean and the conditional variance are equal, E (y i |x i ) = Var (y i |x i ) = λ i . The Poisson distribution entails that the occurrences of events are independent and that the rate at which an event occurs is constant, but in most cases, even conditionally, socioeconomic data will not be Poisson distributed due to contagion and unobserved heterogeneity. In practice, socioeconomic data are often overdispersed, as is the case with our data, in which case a Poisson model underestimates the magnitude of the dispersion as well as the standard errors (Long, 1997; Long and Freese, 2006) . We therefore prefer to estimate a negative binomial (NB) model that allows for overdispersion by incorporating unobserved heterogeneity through an unobserved unit-specific error:
The typical assumption for the error term is that it follows a gamma distribution with mean unity, so that the expected value λ i for the negative binomial distribution is the same as for the Poisson distribution. In contrast to the Poisson model, the conditional variance for the NB model is assumed to follow the function Var (y i |x i ) = λ i + αλ 2 i , which, for a dispersion parameter α > 1, clearly shows the allowance for overdispersion. 3 So far we have ignored differences in the population at risk across observations. In our empirical analysis, the size of the mover flow obviously depends on the size of the different ethnic groups in the neighborhoods. In order to correct for these exposure differences, the count variable can be scaled by the size of the population at risk, but this scaling implies that instead of a count variable we end up with a fraction to be explained. 4 In the negative binomial model, an exposure variable on the right-hand side of equation (6) can be included to control for the potential population that can be observed to move out of a neighborhood:
where S i is the population at risk, of which the coefficient is restricted to unity. 5 Excess zero's for the dependent variable can also be the cause of overdispersion in the data. Although an NB model can deal with zero counts, it is assumed in the model that a count of zero is generated by the same process as a count of one, two, etc. There are cases in which a zero count can stem from two different processes, one in which the probability of a zero count is 1, and one in which the probability of a zero count is smaller than 1, in which case the observation has a probability of being a positive count. Count models of this type, Zero-Inflated Negative Binomial Models (ZINB), are estimated using probabilities of being in either of the two groups. The expected count in an ZINB model is given by:
where ψ i is the probability of being in the definite-zero group, 1 − ψ i is the probability of not being in the definite-zero group, and Z i are the inflation variables determining the zero-generating process of the definite-zero group. Finally, the main method for evaluating the impact of ethnic distance on the estimated regression is to calculate the predicted count of y i using fixed values of the ethnic friction measure. We calculate the mean predicted value 6 of the ethnic friction measures and keep the values of the covariates as observed in the dataset using:
Following Winkelmann (2008) , the standard errors of these predicted counts are calculated using the variance matrix ofβ according to the maximum likelihood Negbin II estimator:
We use marginal effects to compare the sizes of the different estimated coefficients in the model. These can be calculated for different observed values, i.e., scenarios, using:
which refers to any of the explanatory variables x l .
Data
We utilize a unique micro data set that encompasses information of place-to-place migrants be- Because each single neighborhood in a gravity model has equal weight in the analysis, including all of the individual neighborhoods of the MAs would shift the weight of the analysis away from residential relocations within the cities of Amsterdam and The Hague. We therefore aggregate the neighborhoods outside of the city boundaries into a single large "neighborhood" (see Table A .1). This allows us to include suburbanization patterns without focusing on intra-suburban relocations. We exclude neighborhoods with less than 25 residential dwellings. The analysis is performed on 99 neighborhoods for the metropolitan area of Amsterdam (of which 93 are in the city of Amsterdam) and on 113 neighborhoods for the metropolitan area of The Hague (of which 106 are in the city of The Hague). All other relocations outside of the above defined system are not included in the analysis. We use a closed system of flows so that all possible neighborhood flows within the system are included in the analysis, even if these are zero.
A gravity model predicts that most mover flows occur between neighborhoods that are geographically close. Of all relocations within the municipality boundaries of Amsterdam between 2004 and 2008, 54 percent are between neighborhoods within these city boundaries. For The Hague, this number is 56 percent. By including the neighborhoods of the MAs, we can cover about 75 percent of all moves into or out of neighborhoods in both cities. Thus, 25 percent of the relocations in Amsterdam and The Hague are from or to a neighborhood outside of the area included in our analysis. Of all the relocations in our analysis, 83 percent are inter-neighborhood relocations in Amsterdam, and 86 percent are inter-neighborhood relocations in The Hague. Because we aggregate the neighborhoods of the MAs into large neighborhoods, the inter-neighborhood flows in these areas become much lower by construction, namely 51 percent for the Amsterdam MA and 62 percent for the The Hague MA.
Intra-urban mover flows are calculated from the administrative municipality data (GBA) from Statistics Netherlands, which contain the residential location of all residents of The Netherlands as well as changes in location. We select all residents who moved between any of the neighborhoods in our study area between 2004 and 2008. 8 Because our analysis focuses on mover flows at the neighborhood level, all neighborhood variables are totals or means of individuals. 9 Each flow from one neighborhood to another is the total number of residential moves between 2004 and 2008. This five-year period is selected because during this time span mover flows are in general sufficiently small to not substantially change the ethnic composition of neighborhoods. In this way, we reduce as much as possible the dynamic processes in our data and the possibility that mover flows are compounded by changing neighborhood characteristics that have themselves resulted from the size of the mover flows that we are trying to explain.
We focus on the largest ethnic groups in the MAs of Amsterdam and The Hague: native Dutch, Turks, Moroccans, and Caribbeans. 10 Ethnicity is based on the country of birth of the parents. The country of birth of the mother is the leading determinant of ethnicity, unless she is born in the Netherlands, in which case the country of birth of the father is the leading determinant. Table 1 shows the ethnic population composition of the two cities and MAs. The four ethnic groups in our analysis constitute 81 percent of the total population of the MA of Amsterdam and 82 percent of the total population of the MA of The Hague. Table 1 about here The location patterns of non-native groups and the native Dutch differ. Ethnic minority groups are overrepresented within the city boundaries of Amsterdam and The Hague, while the native population is relatively overrepresented outside the cities, i.e., the suburbs. The standard dissimilarity index in Table 1 shows that the neighborhoods of Amsterdam are somewhat less segregated than the neighborhoods of The Hague. 11 When we calculate the index over the whole MA for either 8 Individuals from institutional households such as penitentiaries or retirement homes, individuals who have resided at one location less than 180 days, and individuals who are registered at one dwelling with more than 100 other individuals are excluded from the analysis.
9 Although households rather than individuals make the residential location choices, it are the aggregate characteristics of all individuals, rather than household heads, that determine the neighborhood's characteristics.
10 Throughout the study, we refer to the Surinamese, Antilleans, and Arubans as Caribbeans. 11 We calculate the dissimilarity index as follows:
where G e c is the dissimilarity index of ethnic group e in city c, Ti is the total population in neighborhood i, s e i is the share of ethnic group e in neighborhood i, s e c is the share of ethnic group e in city c, and Tc is the total population 9 city, segregation increases in general. According to Massey and Denton (1988) , segregation is low, with an index below 0.3, and moderate, with an index between 0.3 and 0.6. This categorizes the neighborhoods of Amsterdam and The Hague as mostly moderately segregated as far as Moroccans, Turks, Caribbeans, and Dutch are concerned. Compared to, for example, the segregation of blacks in US cities, segregation is rather low in Amsterdam and The Hague. Cutler and Glaeser (1997) , Cutler et al. (1999) , Vigdor (2003) , and Bayer et al. (2014) calculate dissimilarity indices with mean values of about 56 percent for blacks in the US.
Figures 2 and 3 about here Native Dutch are the majority ethnic group in most neighborhoods, as shown in Figure 2 . Although a substantial share of the neighborhoods has a majority population of foreigners, there are no neighborhoods with a majority of Moroccans, Turks, or Caribbeans. The highest clustering of any of these three groups is around 30 percent of the population in a neighborhood. When we deal with multiple ethnic groups that differ greatly in size, clustered and mixed neighborhoods are not mutually exclusive. Neighborhoods in The Hague whose population are about 20 percent Caribbean represent relatively high clustering for Caribbeans, but the overall composition of such neighborhoods predominantly shows that they include 80 percent other ethnic groups. Because we are interested in the role of the own ethnic group as a location choice factor, we focus on the former while the latter is controlled for by the diversity index of the other ethnic groups in the neighborhood.
Ethnic neighborhood segregation is often closely related to the economic characteristics of a neighborhood. The mean incomes of the different ethnic groups in this study are shown in the lower part of Table 1 . The economic position of the different ethnic groups in this study is representative of the position of ethnic minorities in many countries: natives have a higher per capita income than ethnic minority groups. For the ethnic group longest present in The Netherlands, the Caribbeans, the income gap between this group and the native population is lower than the gap between Turks or Moroccans and the native population. 12 Another explanation for the observed pattern of segregation and income clustering is partly related to the role of housing markets. Housing market policies determine the owner structure of dwellings in a neighborhood. In this case, the city of Amsterdam chooses to mix types of housing more extensively than the city of The Hague, i.e., social housing is less spatially clustered in Amsterdam than in The Hague, as shown in Figure 3 . Assuming that the lowest income groups are relatively dependent on social housing, the general distribution of these groups should be more equal in Amsterdam than in The Hague, which is what we find in the descriptive statistics. Tables 2 and 3 about here Given the closed system of the gravity model, all zero-flows are included in the regression, and the first lines of Table 2 show that for all non-Dutch ethnic groups, over half of the possible mover flows between neighborhoods have a zero count. Our analysis also includes a few neighborhoods, in both Amsterdam and The Hague that have neither Moroccans nor Turks; the mover flows of in the city. The index is calculated for each ethnic group against the rest of the population. If the index is close to 0, there is no segregation, while an index close to 1 indicates a fully segregated distribution (Waldorf, 1993) .
12 As income is measured per capita, ethnic differences in family sizes impact the results because ethnic groups with many children have lower per capita incomes.
Moroccans and Turks from these neighborhoods are zero by definition. This is the case for 5 percent of the Moroccan flow and 3 percent of the Turkish flow in Amsterdam and 7 percent and 4 percent in The Hague, respectively. The mean size of the non-zero mover flows is given in Table 2 . We include a "rest" group that contains the total of residential moves between neighborhoods for all other ethnic groups, but we generally do not report results for this rest group.
The explanatory variables used in the regression analysis are given in Table 3 . January 1, 2004 is used as the base date for measuring the individual neighborhood characteristics. We therefore explain mover flows between 2004 and 2008 by the differentials from neighborhood characteristics in 2004. The demographic characteristics of the residents (date of birth, gender, country of birth, country of birth of the mother, and country of birth of the father) are taken from the GBA (Gemeentelijke Basis Administratie) dataset. Yearly income data are taken from the Sociaal Statistisch Bestand (SSB) from Statistics Netherlands and include all sources of individual income, such as labor income, social welfare, and unemployment benefits. Because the total income of all neighborhood residents is averaged over the total population of the neighborhood, we obtain a per capita income that is lower than the average household income would be. For the aggregated neighborhood characteristics, individuals from institutional households are excluded. Information on the ownership composition of the housing stock in a neighborhood is taken from the Housing register of Statistics Netherlands. Because these data are unavailable for 2004, the owner composition in 2006 (the first available year) is used instead. Table 3 gives the mean and standard deviations of the variables that are given as the friction measures used in the regressions, whereas the minimum and maximum values are given as neighborhood stock values. The latter gives insight into the base levels that result in the values of the friction measures. Because the setup of the gravity model intrinsically warrants perfectly symmetrical distribution of the variables if they are expressed as difference from the mean (except for increases in distance and the number of dwellings), the mean of all the variables equals zero, while the range is the difference between the minimum and maximum values. For example, for Amsterdam, the ethnic friction measure of s ij (which we label ∆s ij ) for the Dutch population falls between −0.75 (0.14 − 0.89) and +0.75 (0.89 − 0.14).
Results
Our gravity model of intra-urban mover flows is defined for each ethnic group individually, as described in Section 2, but we estimate the model for all groups together. The ethnic distance and distance in terms of diversity variables are interacted with an ethnic group-specific dummy. The other covariates are homogeneously estimated for all ethnic groups. We thus impose on the model that there are no differences between groups in terms of the effects of these variables on the size of mover flows. This assumption has the main advantage that results are comparable across the different ethnic groups. The results of the estimated negative binomial regressions cannot be easily interpreted because the underlying model specification is nonlinear, especially for the effect of ethnic peers. We therefore first discuss the direction of the results for the control variables. We then discuss the results of the ethnic friction measures by focusing on the predicted count of the mover flows. Lastly, we compare the size of the effects of all explanatory variables by calculating their marginal effects. The results of the base specification of equation (7) are given in Table 4 . The estimated α shows overdispersion in the data, which indicates that the use of a negative binomial model is warranted. The rest group is not reported in the results and serves as the reference group. We include ethnic fixed effects to account for ethnic group-specific unobserved characteristics that impact mobility or the tendency to move. 13 Only in Amsterdam are all the ethnic dummy variables statistically significant, indicating differences in mobility relative to the rest group.
First, we find in accordance with the gravity model that the physical distance between neighborhoods impacts the size of mover flows negatively, while mover flows are higher into larger and growing neighborhoods. However, the implied extra costs of migrating if the distance between areas increases, are likely to be marginal, and the results might also signal, for example, that social networks can be maintained more easily over shorter distances.
As regards economic neighborhood characteristics, we find a negative correlation between income differences and mover flows, indicating that mover flows from low-income neighborhoods into high-income neighborhoods and vice versa are small. Most mover flows are between neighborhoods that are alike in terms of average income. Nonetheless, it is to be noted that income differentials do not play a significant role in explaining the size of mover flows in Amsterdam although the results between Amsterdam and The Hague are broadly comparable in terms of the directions of all of the other effects. Our data and analysis cannot provide a conclusive reason for these differences, but we hypothesize that the income distribution and the owner structure of the housing stock in a neighborhood are two sides of the same coin because the latter influences income distribution. If the owner structure of houses is used as a policy instrument to mix incomes within neighborhoodswhich is the case in Amsterdam-one might expect that the owner structure emerges as a more important determinant for mover flows than income per se. 14 The friction measure of the share of children in a neighborhood is positive. This indicates that the life-cycle related characteristics of neighborhoods are related to the size of mover flows. Higher mover flows are observed into neighborhoods with a higher share of children. Finally, the results for the friction measure of the diversity index show that in both Amsterdam and The Hague mover flows are higher into neighborhoods that are overall more diverse in terms of ethnic groups other than the own. Mover flows of especially the Dutch and to a lesser extent Moroccans and Turks are higher if the ethnic population composition in a neighborhood is more diverse in terms of the other ethnic groups. The mover flows of Caribbeans are higher into neighborhoods where the population composition in terms of other ethnic groups is more homogeneous. This might indicate that neighborhoods with higher shares of Dutch, which form the most homogeneous neighborhoods, are attractive for Caribbean mover flows. However, the interpretation of these results also depends on the results found for the friction measure of a specific ethnic group, which we will discuss below. Figure 4 is calculated with all other variables as observed. 15 We clearly find evidence for the hypotheses that, for all ethnic groups, the distance of the own ethnic group has an asymmetrical and nonlinear correlation with mover flows of that ethnic group. From a gravity point of view, the largest mover flows are expected to be centered around zero between neighborhoods that are alike, i.e., over small ethnic distances. This results in a concave relationship between the ethnic friction measure and the predicted flow. Only for the Caribbeans in The Hague do we observe this concave relationship. A convex relationship between the ethnic differentials and mover flows is apparent for the other groups. All else being equal, the highest ethnic mover flow is predicted into neighborhoods that have a much higher share of that ethnic group. In the opposite direction, the ethnic mover flow is close to zero for that ethnic minority group and relatively small for the Dutch, indicating ethnic drift and white flight into neighborhoods with a substantial population of the own ethnicity.
In Amsterdam and The Hague, the predicted mover flow of Dutch into a neighborhood with a 20 percent larger share of Dutch residents is almost two times higher than the flow into a neighborhood with a 20 percent smaller share of Dutch residents. The mover flows of the ethnic minority groups in Amsterdam into a neighborhood with a 20 percent larger share of these ethnic groups are four to seven times higher than the ethnic flow of these groups into neighborhoods where the share of that ethnic group is 20 percent smaller. In The Hague, this is two times higher. The confidence intervals of the Moroccans and Turks overlap, indicating that the effects do not significantly differ between these groups. We thus find that white flight and ethnic drift lead to spatial clustering in neighborhoods with higher shares of the peer group, but the ethnic drift of minority groups is stronger than the white flight of the Dutch, specifically in Amsterdam. Given the number of Dutch relative to the number of ethnic minorities, Dutch preferences will most likely prevail in determining the overall diversity of neighborhoods. All other things equal, our empirical results point to the fact that ethnic spatial clustering in neighborhoods in Amsterdam and The Hague increases over time.
If we combine these results with the overall pattern that mover flows are higher into more ethnically diverse neighborhoods, we thus find that ethnic drift leads to clustering of ethnic groups in neighborhoods that are diverse in terms of other ethnic groups. These results point to the described tendency of people to live in neighborhoods where their own ethnic group is present, even if this group does not have a numerical majority in the neighborhood. The fact that we find this pattern for almost all groups indicates that the composition of neighborhoods depends on ethnic preferences for the own ethnic group relative to the presence of other ethnic groups. However, as noted earlier, in a city with many minority groups, the relative clustering of groups does not necessarily tell us anything about the overall neighborhood diversity or segregation. Table 5 about here To determine whether the role of ethnic distance prevails over other explanations such as income, we look at the marginal effects of each variable at different values of the distribution while keeping all the other variables as observed. 16 The results for the marginal effects at different percentiles of the distribution of each variable using equation (11) are given in Table 5 . The 50th percentile is zero for all variables measured as differences between the characteristics of neighborhoods. Logically it follows that the difference in the observed values of the 25th percentile and the 75th percentile are mirrored values. The Dutch mover flow at the 25th percentile is into neighborhoods with about 16 The results are obtained using Stata's post estimation margins command.
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15 percent fewer Dutch residents than the neighborhood that was left, and at the 75th percentile the flow is into neighborhoods with 15 percent more Dutch. For the covariates with positive coefficients, the correlation with mover flows increases with distance in a positive direction, i.e., a positive difference between the neighborhoods of destination and origin. The exact opposite is true for the covariates with negative coefficients. Table 5 shows that distance is in general the most important factor explaining the size of mover flows both in Amsterdam and the Hague. For neighborhoods in Amsterdam that are about 1.4 kilometers apart (the 5th percentile), a one-kilometer increase in distance between neighborhoods is associated with a decrease in the expected size of the mover flows between these neighborhoods of 3.2, which is more than half the standard deviation of the total mover flow. For The Hague, the effect of distance is in general lower; for neighborhoods that are 1.3 kilometers apart, an increase in distance of one kilometer is associated with a decrease in the size of the mover flow of about 2.2, or almost two-thirds of the standard deviation of the total mover flow.
The marginal effects of the ethnic presence are substantial too. A ten-percent increase in the friction measure of the share of Dutch between neighborhoods that have the same share of Dutch (the 50th percentile) increases the Dutch mover flow by 2.5 for both Amsterdam and The Hague. For Caribbeans, a ten-percent increase in the difference of the share of Caribbeans between neighborhoods with the same share increases mover flows by 2 in Amsterdam and by 0.66 in The Hague. For Moroccans and Turks, this increase is lower. The size of the marginal effects for the diversity index is substantial for the Dutch, especially in Amsterdam.
The growth of the housing stock has a constant effect for both Amsterdam and The Hague. This indicates that, irrespective of the extent of the increase in the number of houses in a neighborhood, the incoming mover flow increases proportionally, as is expected if the housing market is in equilibrium and the market clears. The importance of the share of children for explaining the size of mover flows increases substantially for flows into neighborhoods that have relatively high shares of children. If the difference in the share of children increases by 10 percent for neighborhoods that have a difference in this variable at the 75th percentile, mover flows increase by about 2 for Amsterdam and 1 for The Hague. In The Hague, an increase in the income difference by e1000 for neighborhoods that have an income difference of about e5000, decreases mover flows by 0.117. For social rent in Amsterdam, an increase in the share of social rent by 10 percent for neighborhoods that have a difference in the share of social rent of about 22 percent increases mover flows by 1.3. Overall, the marginal effects of ethnic distance and physical distance on estimated mover flows are the largest. Differences between neighborhoods in the share of an ethnic group are more important for the size of mover flows than the distance in ethnic diversity, although the latter is strong, in particular for the Dutch.
Given the role of income in location patterns in general and the differences in income per capita between the different ethnic groups, we further explore the role of income in determining the size of mover flows by performing two robustness checks. The relationship between income and mover flows might not be homogeneous, but differ between ethnic groups. We have therefore estimated the base regression including heterogeneous effects of income frictions for the ethnic groups. However, there are no differences between ethnic groups in the correlation between income distance and mover flows, and the estimated results for ethnic distance do not change.
Additionally, it can be argued that the role of ethnicity in influencing the size of mover flows differs between people of different income strata. For example, high-income Turks or Moroccans might move into neighborhoods with more high-income Turks and Moroccans and away from their low-income peers. Distinguishing between the mover flows of high-and low-income ethnic groups does not change our base results, and we do not find significant differences between high-or lowincome ethnic groups and the role of the ethnic distance in influencing ethnic mover flows. 17 One potential caveat of these results is that the number of non-zero flows becomes very small for some income groups when we divide the ethnic mover flows into high-and low-income groups. 18 As mentioned above, homeowner composition relates to economic characteristics, and from Table 5 it can be seen that the role of available housing, either owner-occupied or social rent and the composition of both types, is much more important than income differences for the size of mover flows in Amsterdam, while the effect of especially owner-occupied housing is not significantly different from zero for The Hague.
To test the robustness of our econometric specification, we estimate the gravity model with a ZINB regression. We assume that the zero-generating process is explained by the same covariates as the non-zero-generating process, i.e., the covariates in the NB regression. Because we run the risk of overspecifying the ZINB by including ethnic fixed effects and the ethnic and diversity friction measures for each ethnic group, we estimate the ZINB with only ethnic fixed effects and homogeneous ethnic and diversity friction measures. The results from the base specification are robust against the ZINB specification because the Poisson estimation given in Tables A.2 and A.3 in the Appendix is not generally different from the results in Table 4 . 19 The binary logit regression shows that the probability of a zero count increases when the specific ethnic population share is low and if the ethnic distance for that specific ethnic group is large.
The analysis so far ignores intra-neighborhood mover flows. It can be argued that the underlying mechanisms from those of inter-neighborhood flows are different because these moves cannot be motivated by relative neighborhood characteristics and should therefore not be included in the analysis. However, LeSage and Pace (2008) provide a submodel for including the so-called diagonal flows. The results of equation (4), which include intra-neighborhood flows, are given in Tables  A.4 and A.5 in the Appendix. Including the intra-neighborhood mover flows does not influence our results regarding the inter-neighborhood mover flows. For the intra-neighborhood flows, the measured differences are zero by definition, while the neighborhood stock values of the covariates used for the intra-neighborhood flows are included. The presence of the own ethnic group does not play a role in intra-neighborhood moves for the Dutch, Moroccans, and Turks, both in Amsterdam and in The Hague. The results for Caribbeans shows that mover flows within the same neighborhood are lower if the share of Caribbeans in that neighborhood is higher. We find the opposite effects for the control variables between the inter-and intra-neighborhood flows, which is not surprising because the factors that induce moving within the same neighborhood will probably counteract the factors that induce moving out of that neighborhood. 17 We have estimated equation (7) for the mover flows of each ethnic group using e40000 household income per year as the cutoff point. The results show no statistically significant differences between the high-and low-income groups of each ethnic group and the size of mover flows. Results are available upon request.
18 This is also the reason we cannot analyze potential differences in the effect of ethnicity on the size of ethnic mover flows between first-and second-generation migrants, although this issue is viable. There are simply not enough adult second-generation migrants in our sample.
19 Although a Vuong test of the ZINB against the NB regression shows that the ZINB would be preferred, we consider the NB regression to be the preferred model. Our zero-generating process is easily observable from the data, in that the only cause of a zero-flow with probability 1 is the absence of a specific ethnic group in the neighborhood of origin. So as to preserve data, these flows are included.
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We developed a gravity model to determine the role of ethnicity in intra-urban residential relocation dynamics. Subsequently, we utilized a unique micro data set of residential relocations across neighborhoods in the urban agglomerations of Amsterdam and The Hague, in The Netherlands. In most developed countries, ethnicity has become an increasingly important factor in neighborhood formation. As a matter of fact, most migrant flows occur at a disaggregate spatial level, i.e. within or between neighborhoods of the same urban area (Cadwallader, 1992) . To the best of our knowledge, existing empirical gravity analyses of migration flows have focused merely on aggregate spatial units, such as countries or regions (Greenwood, 1975; Mueser, 1989; Rogers and Raymer, 1998; Karemera et al., 2000; Lewer and Van den Berg, 2008; Grosjean, 2011; Peeters, 2012; Falck et al., 2012; Caragliu et al., 2013) . In contrast, we modeled bilateral intra-urban migration patterns at the neighborhood level as a function of bilateral socioeconomic, demographic and ethnic differences between the origin and destination neighborhoods. In doing so, we accounted for heterogeneous and interdependent preference structures of natives and various immigrant groups, as well as for the link between neighborhood choice at the individual level and change at the neighborhood level. We incorporated ethnic friction measures at the neighborhood level into our analysis, using population shares and diversity. This allows us to incorporate Schelling's observation that the effect of ethnic neighborhood composition on subsequent ethnic sorting and clustering is likely to be asymmetrical (Schelling, 1971) . Following Santos Silva and Tenreyro (2006), we estimated the gravity equation using a modified version of the Poisson maximum likelihood estimator rather than applying ordinary least squares to a log-linearized version of the nonlinear relationship between distance and size of the origin and destination populations that underlies the standard gravity model.
Our results clearly show that in both cities ethnic drift leads to the clustering of ethnic minority groups and a white flight of native Dutch residents, which is in line with findings of Bolt et al. (2008) for major cities in The Netherlands. The predicted mover flow of native Dutch residents into a neighborhood with a 20 percent larger share of native Dutch residents is almost two times higher than the flow into a neighborhood with a 20 percent smaller share of Dutch residents. For the mover flows of the ethnic minority groups, this effect is four to seven times in Amsterdam, and eight to fourteen times in The Hague. Hence, the ethnic drift of the minority groups is relatively stronger than the white flight. However, the preferences of the majority group disproportionally impact the final composition of neighborhoods. Except for the Caribbean group, mover flows of all ethnic groups are higher into more diverse neighborhoods. We clearly find evidence for the hypotheses that, for all ethnic groups, the distance of the own ethnic group has an asymmetrical and nonlinear relationship with mover flows of that ethnic group. From a gravity point of view, the largest mover flows are expected to be centered around zero between neighborhoods that are alike, i.e., over small ethnic distances. This results in a concave relationship between the ethnic friction measure and the predicted flow. Together, these findings suggest a preference for living with the own ethnic group in an otherwise diverse neighborhood.
Our empirical findings therefore lend support to a modified version of the so-called ethnic enclave theory in the literature on residential mobility and migration in the context of spatial segregation. This theory states that migrants prefer to live in ethnically homogenous neighborhoods, based on their own ethnicity (Portes and Jensen, 1987) . Our results show that the preference for living with the own ethnic group goes together with living in a neighborhood that is ethnically heterogeneous to some extent. This contrasts the findings of Schaake et al. (2014) , who report that ethnic minorities have a tendency to move into neighborhoods with more Dutch, supporting the idea of increasingly multicultural neighborhoods. Our results are more in line with results found in the US, which show that ethnic groups have a tendency to cluster and that the underlying mechanism is not only driven by differences in socioeconomic status, but also by preferences for the own ethnic group (Krysan and Farley, 2002; Saiz and Wachter, 2011; Bayer et al., 2014) . A generalization of our results would indicate that ethnic groups prefer some level of local dominance, even although not all ethnic groups can enjoy numerical superiority (Schelling, 1971) . However, we do note that the link between individual preferences for an individual's ethnic group and the resulting ethnic composition of neighborhoods is not straightforward, especially in cities that have many ethnic groups, because diversity and ethnic clustering are not mutually exclusive.
With respect to the role of other neighborhood effects we find-in accordance with the gravity design-that the physical distance between neighborhoods impacts the size of mover flows negatively, while mover flows are greater into larger and growing neighborhoods. Furthermore, we find a negative correlation between income differences and mover flows, indicating that most mover flows are between neighborhoods that are alike in terms of average income. This result contrasts gravity analyses at the more aggregate spatial level, where trade or migration flows usually depend positively on income differences between the area of origin and destination. Furthermore, we find that life-cycle related characteristics of neighborhoods (captured by a friction measure of the share of children in a neighborhood) are strongly related to the size of mover flows, with higher mover flows into neighborhoods with a higher share of children. We find no statistically significant differences between ethnic groups in the correlation between income distance and mover flows and between high-or low-income ethnic groups and the role of the ethnic distance in influencing ethnic mover flows.
Our analysis contributes to the existing literature by incorporating ethnic friction measures and socioeconomic neighborhood characteristics in an empirical gravity model at a disaggregate spatial level. We think that this approach helps to assess place-based policies that predominantly aim to counter the tendency to segregation. These policies often deal with socioeconomic drivers of location choice, while our results suggest that preference heterogeneity may be at least equally important in driving intra-urban spatial segregation. For example, in The Netherlands locally designed urban renewal projects in low-income or deprived neighborhoods compete for higher-income natives with newly constructed suburbs and so called "new towns" that are planned at the national level (Bolt et al., 2008; Bolt and Van Kempen, 2010; Boschman et al., 2013) . Our approach could be of use in understanding residential mobility dynamics that result from the complex interplay between, inter alia, household preferences, housing market and neighborhood characteristics, economic disparities and urban policies (Waldorf, 1993) .
In future research much ground can still be gained by translating the analysis of mover flows into actual long-term neighborhood change and the role of socioeconomic distances across neighborhoods. This would require a dynamic approach of neighborhood change that incorporates the interplay of preferences of minority versus majority ethnic groups in a more structural way than we have done in the analysis in this paper. Such a model can show whether misalignments of the preferences of different ethnic groups for the ethnic compositions of neighborhoods exist. The equilibrium neighborhood composition would then also depend on the development of the economic position of ethnic minority groups (Ihlanfeldt and Scafidi, 2002; Krysan and Farley, 2002; Vigdor, 2003; Saiz and Wachter, 2011; Ioannides and Zabel, 2008) . Bayer et al. (2014) , for example, show for the US that the relationship between segregation and income inequality in cities is likely to be negative. A different, and promising, line of research is to develop a gravity approach for an even lower spatial level of aggregation than the neighborhood level, to correctly identify the (causal) processes of intra-urban residential mobility in the context of ethnic clustering. The clustering of ethnic groups at much lower spatial scales, such as at the block (group) level, will likely provide better insight into the spatial clustering patterns of ethnic groups and the persistence of these patterns (Vigdor, 2003) . An analysis at such a low spatial scale should also put emphasis on spatial dependence of mobility choices. Especially when owner-occupied and social housing blocks are located in close proximity, this type of research may yield interesting insights for the design and evaluation of local housing policies. a Huber-White robust standard errors are reported. The statistical significance of coefficients is indicated by ***, **, and * for the 0.01, 0.05, and 0.1 significance levels, respectively. All variables are measured as a friction between the neighborhood of destination j and the neighborhood of origin i, unless explicitly stated otherwise. An ethnic restgroup, as well as neighborhood of origin and destination dummies are included in the estimation but the estimated coefficients are not reported here. The population at risk (exposure variable) is included in the estimation. b The significance of α is based on a χ 2 likelihood-ratio test for overdispersion estimated on a model with non-robust standard errors with the null hypothesis being that the model is Poisson, corresponding to H0 : α = 1. c The Wald test performs a full-model test of joint significance of all coefficients, with the null hypothesis being that all coefficients are simultaneously equal to zero. a The statistical significance of marginal effects is indicated with ***, **, and * for the 0.01, 0.05, and 0.1 significance levels, respectively, and calculated using the variance-matrix of Huber-White robust standard errors from the regression results presented in Table 4 . Unit changes in x are 0.1 for the unscaled variables measured as shares, and 1 otherwise. 20358.98 * * * a Huber-White robust standard errors are reported. The statistical significance of coefficients is indicated by ***, **, and * for the 0.01, 0.05, and 0.1 significance levels, respectively. All variables are measured as a friction between the neighborhood of destination j and the neighborhood of origin i, unless explicitly stated otherwise. An ethnic restgroup, as well as neighborhood of origin and destination dummies are included in the estimation but the estimated coefficients are not reported here. The population at risk (exposure variable) is included in the estimation. b The significance of α is based on a χ 2 likelihood-ratio test for overdispersion estimated on a model with non-robust standard errors with the null hypothesis being that the model is Poisson, corresponding to H0 : α = 1. c To test the zero-inflated negative binomial against the ordinary negative binomial model a Vuong test is performed on a model with non-robust standard errors with the null hypothesis that the expected probability of yi | xi is the same for both models. d The Wald-test performs a full-model test of joint significance of all coefficients, with the null hypothesis being that all coefficients are simultaneously equal to zero. 20037.18 * * * a Huber-White robust standard errors are reported. The statistical significance of coefficients is indicated by ***, **, and * for the 0.01, 0.05, and 0.1 significance levels, respectively. All variables are measured as a friction between the neighborhood of destination j and the neighborhood of origin i, unless explicitly stated otherwise. An ethnic restgroup, as well as neighborhood of origin and destination dummies are included in the estimation but the estimated coefficients are not reported here. The population at risk (exposure variable) is included in the estimation. b The significance of α is based on a χ 2 likelihood-ratio test for overdispersion estimated on a model with non-robust standard errors with the null hypothesis being that the model is Poisson, corresponding to H0 : α = 1. c To test the zero-inflated negative binomial against the ordinary negative binomial model a Vuong test is performed on a model with non-robust standard errors with the null hypothesis that the expected probability of yi | xi is the same for both models. d The Wald-test performs a full-model test of joint significance of all coefficients, with the null hypothesis being that all coefficients are simultaneously equal to zero. 41299.19 * * * a Huber-White robust standard errors are reported. The statistical significance of coefficients is indicated by ***, **, and * for the 0.01, 0.05, and 0.1 significance levels, respectively. All variables are measured as a friction between the neighborhood of destination j and the neighborhood of origin i, unless explicitly stated otherwise. An ethnic restgroup, as well as neighborhood of origin and destination dummies are included in the estimation but the estimated coefficients are not reported here. The population at risk (exposure variable) is included in the estimation. b The variables for the intra-neighborhood flows are not estimated as differences between neighborhood i and j, but as stock variables of the neighborhood. For the intra-neighborhood flows, ∆si and ∆s 2 i are estimated. c The significance of α is based on a χ 2 likelihood-ratio test for overdispersion estimated on a model with non-robust standard errors with the null hypothesis being that the model is Poisson, corresponding to H0 : α = 1. d The Wald-test performs a full-model test of joint significance of all coefficients, with the null hypothesis being that all coefficients are simultaneously equal to zero. 32242.42 * * * a Huber-White robust standard errors are reported. The statistical significance of coefficients is indicated by ***, **, and * for the 0.01, 0.05, and 0.1 significance levels, respectively. All variables are measured as a friction between the neighborhood of destination j and the neighborhood of origin i, unless explicitly stated otherwise. An ethnic restgroup, as well as neighborhood of origin and destination dummies are included in the estimation but the estimated coefficients are not reported here. The population at risk (exposure variable) is included in the estimation. b The variables for the intra-neighborhood flows are not estimated as differences between neighborhood i and j, but as stock variables of the neighborhood. For the intra-neighborhood flows, ∆si and ∆s 2 i are estimated. c The significance of α is based on a χ 2 likelihood-ratio test for overdispersion estimated on a model with non-robust standard errors with the null hypothesis being that the model is Poisson, corresponding to H0 : α = 1. d The Wald-test performs a full-model test of joint significance of all coefficients, with the null hypothesis being that all coefficients are simultaneously equal to zero.
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